Biomass 
Introduction
Biomass is an important variable for bioenergy modeling, food security, environmental assessment and climate change research. It comprises of both the below and above ground living mass or organic material including: roots, shrubs, vines, crops, tree litter and dead mass associated with soil (Amado, 2012) . Forests are of great ecological and economic importance and are a source of timber, fire wood, herbal medicines, and food. Additionally, forests play a significant role in the carbon cycle. On one hand forests act as carbon emitters during degradation and deforestation. In this way, forest loss results in a direct increase in carbon dioxide (CO2), a greenhouse gas responsible for global warming. On the other hand, trees absorb CO2 during photosynthesis resulting in a decrease in the carbon amounts in the atmosphere.
The global forests assessment report published in 2010 shows that the world's forests store an estimated amount of 289 Gigatonnes of carbon in their biomass alone (FAO, 2010) . Furthermore, the report highlighted that 5.2 million hectares of tropical forest land were lost per year between 2000 and 2010, with the highest deforestation rates reported in Africa and South America. It is projected that if the forest loss continues at this rate, there will be nearly no tropical rainforest remaining by 2035. The post -Kyoto climate change agreement on reducing emissions from deforestation and degradation (REDD) is an attempt to mitigate the rising CO2 levels in the atmosphere. The aim of these scheme is to reduce the rate of deforestation and degradation via performance related payments (Clements, 2010) .
Spatially explicit maps showing the above ground biomass are essential for calculating the losses and gains in forest carbon at regional and national levels (Hill et al., 2013 , Mitchard et al., 2011 .
However, assessment of biomass is a challenging task especially in areas with complex forest stand structures and environmental conditions (Lu, 2006) . As a result, the carbon estimates from deforestation and forest degradation at local, national and global scales are poorly unknown. Traditional methods based on field measurements, although able to provide accurate results are laborious, time consuming and difficult to extend beyond the local scale of analysis. Additionally these methods cannot provide spatially explicit distribution of forest biomass.
Over the years, remote sensing has become an attractive data source for biomass estimation and assessment. Remote sensing provides repetitive data collection, a synoptic view and high correlation between spectral bands and vegetation parameters making it suitable for biomass estimation. Several studies have been conducted demonstrating the potential of passive and active remote sensing for biomass studies (Anaya et al., 2009 , Austin et al., 2003 , Powell et al., 2010 , Lucas et al., 2010 , Gonzalez et al., 2010 , Luckman et al., 1997 , Amado, 2012 , Mitchard et al., 2011 , Ranson and Sun, 1994 , Rauste, 2005 , Kuplich, 2000 , De Jong, 2003 , Santos, 2003 , Sun, 2002 , Thenkabail, 2004 . However, despite all these efforts, there is no universally accepted method for estimating the above ground biomass estimation (Mitchard et al., 2009 , Powell et al., 2010 . While medium resolution satellite images, notably data from the Landsat sensors has been the commonest for forest biomass estimation (Powell et al., 2010) , the persistent cloud cover in the tropical regions makes acquisition of quality optical remote sensing data difficult. Also, methods used for biomass estimation based on optical imagery involve the assessment of correlation between spectral response and biomass. Since the spectral response depends on the sun's radiation and forest stand canopy, the correlation between biomass and spectral response is always poor especially for mature forest leading to saturation (Mitchard et al., 2011 , Naiseh et al., 2010 .
Imaging radar systems illuminate surface features like vegetation, buildings and water bodies with microwave energy and record the returned signal. Biomass is the component in vegetation that mostly reflects the radar rays that are recorded by the active sensors. This means a relationship exists between biomass and radar backscatter. Overall, higher biomass forests exhibit higher backscatter reflectance while lower biomass forests reflect less backscatter. Radar remote sensing is not very much affected by weather conditions and as such provides potential for biomass assessment especially in the tropical regions with persistent cloud cover.
However, the success of radar remote sensing for biomass and carbon assessment depends on the choice of the radar bands and polarization. Some of the commonly used radar bands are the X-, C-, Land P-bands. The X-and P-bands are characterised by short and long wavelength radiations leading to the low and high penetration power respectively. In the case of forest applications, the X-band radiations are easily scattered by the leaves of trees while the P-band radiations can reach the bottom of the tree canopy. Both the X-and C-bands saturate at lower biomass amounts compared to L-and P-bands. Each radar signal can be propagated to and received from objects of interest in the Horizontal (H) or Vertical (V) polarizations resulting in HH, VV, HV and VH possible polarimetric combinations. The cross polarizations HV and VH caused by multiple scattering have the most sensitivity to biomass and are less influenced by surface conditions (Ranson and Sun, 1994) . In addition to the radar bands and polarization, the nature of terrain can also affect the amounts of biomass and carbon estimated from radar data. Hilly and ragged terrain leads to layover, foreshortening and shadowing which affects the quality of radar data leading to poor estimates biomass and carbon.
Biomass estimation from radar data can be achieved using either the Synthetic Aperture Radar (SAR) backscatter values or Polarimetric Synthetic Aperture Radar Interferometry (PolInSAR). The most common method involves relating the biomass amounts with SAR backscatter values. Depending on the landscape characteristics, this method provides good results (Austin et al., 2003 , Beaudoin, 1994 .
However, this approach is affected by saturation levels which are dependent upon the radar wavelength and polarization. An alternative involves the use of SAR interferometry which requires analysis of the phase between two images acquired at the same time by two identical instruments or images acquired by the same instrument over a period of time. However, this method is affected by the site conditions such as the wind speed, direction and moisture (Pulliainen, 2003) .
The aim of this study was to provide biomass and carbon estimates in BINP using the L-band ALOS PALSAR and ground data. While some successes have been reported in using radar data for biomass assessment (Austin et al., 2003 , Pulliainen, 2003 , most of these studies have been conducted in areas with homogenous forest cover types with less forest stand structures. The feasibility of ALOS PALSAR for biomass estimation in complex tropical environments such as BINP with mixed forest cover types and undulating terrain is still not well known.
Study area
The study area is the BINP located in the south-western part of Uganda cutting across the districts of Kabale, Rukungiri, Kisoro and Kanungu (see The landscape is rugged and characterized by deep narrow valleys with steep sided hills. The altitude ranges from 1160m (3805ft) at the top of the northern sector to 2607m (8551ft) at the Rwamunyonyi hill on the south-eastern edge of the park. Flat areas can only be found in the Mubwindi and Ngoto swamps.
The BINP constitutes an important water catchment area, serving the surrounding agricultural lands.
Three major tributaries of the Ishasha River drain into Lake Edward to the northern part of the park, while the Ndengo, Kanyamwabo and Shongi Rivers flow southwards towards Lake Mutanda and Lake
Bunyonyi.
The Bwindi forest is characterized as an Afromontane forest which is considered the rarest vegetation type on the continent. Subsistence agriculture dominates the surrounding areas with bananas, potatoes and tea as the main cultivated crops. The climate is tropical with two rainfall peaks from March to May and September to November. There are two dry seasons from December to January and June to
August. Annual precipitation lies in the range 1,130-2,390 mm with mean and maximum annual temperature ranges of 7-15 0 C and 20-27 0 C respectively.
The study area was selected because it is an important park for conservation in Uganda as well as a UNESCO world heritage site. Additionally, the terrain in BINP is undulating and rugged and presents a good test site for evaluating the performance ALOS PALSAR data for biomass study.
Data and Methods

Data
In this study, ALOS-PALSAR polarimetric data (level 1.5) with a spatial resolution of 12.5 m x 12.5 m was used for biomass and carbon estimation. The data was acquired on May 3, 2005. Only the HH and HV polarizations were selected for the analysis. The ALOS PALSAR sensor is an L-band SAR instrument and is one of the three sensors carried on-board the ALOS satellite. The other sensors are the Panchromatic Remote-sensing Instrument Stereo Mapping (PRISM) and the advanced visible and near infrared radiometer type 2 (AVNIR-2). Field data collected using Global Positioning Systems (GPS) and Suunto instruments supplemented ALOS-PALSAR data for biomass estimation, modeling and validation. Stata software was used for statistical analysis, while Erdas Imagine was used to re-project the ALOS PALSAR image from Clarke 1886 to WGS84. ArcGIS was used for map preparation and visualization.
There was a time lag of about 5 years between radar and field data collection. This was a limitation to the study since the only latest available ALOS PALSAR data was that acquired in 2005. However, while this time difference can affect the accuracies of the model and its predictions, we argue that the effect is minimal because the core boundary of the Bwindi national park has remained intact with less deforestation and degradation. Additionally, Bwindi forest is a natural tropical moist rain forest and it is expected that the vegetation cover does not change much in terms of species cover, DBH and height unless forests degradation has taken place.
Sampling design and data collection
A purposive sampling based on tree species composition, terrain orientation, topographic features, stand density and volume was adopted for collecting data in 35 circular plots (Figure 2) . A radius of 15m was selected in order to provide field plots that cover an area of at least one pixel of ALOS-PALSAR data.
Figure 2. Location of field samples
Trees with DBH of less than 10cm were not considered for measurement as these contribute less to the total biomass content of forests (Brown, 2002) . The DBH is the diameter of a tree at a height of 1.3m from the ground and can be measured directly or indirectly using a caliper or a tape respectively. In each plot, the DBH, horizontal distances to a tree, angles to the top and bottom of trees and coordinates of centroids of plots were measured and used as inputs for biomass estimation.
Estimation of biomass using measured tree parameters
The estimation of biomass based on tree parameters measured from the field was done using an allometric equation developed for tropical forests (Chave et al., 2005) and formulated as:
Where:
AGB is the above ground biomass, D is the diameter at breast height (cm), H is the tree height (m), ρ is the wood specific gravity (g cm-3 ) and estimated as 0.88 (ICIMOD et al., 2010 ). The tree height (H) was indirectly determined based on equation 2.
Height = [-((COS α) * (SQRT (d^2 -((COS α)*1.55) ^2) -((SINα)*1.55)) * (TAN α) + (COS α)*(SQRT (d^2-((COS α)*1.55) ^2) -((SIN α)*1.55) * TAN β)] [2]
Where: β and α are angles in radians measured to the bottom and top of each tree while d is the approximate horizontal distance to base of the tree.
Regression analysis
Regression analysis was carried out to determine the relationship between biomass estimated using field measured parameters and radar backscatter. The Digital Numbers (DNs) corresponding to each sampled plot were converted to radar backscatter coefficient using equation 3.
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Sample plots
The variations in the AGB in the different plots is therefore attributed to the differences in the DBH and height parameters. Further analysis was carried out to determine which of the two tree parameters, that is, tree height and DBH contributes more to AGB. The Biomass of 229 trees was used for this analysis and the correlation between DBH and AGB was established to be 0.69 while that of tree height and AGB was 0.46. It therefore implies that DBH contributes more to AGB than tree height.
Correlation between AGB and radar backscatter
The correlation between AGB and radar backscatter for the HH and HV polarization was assessed using 
Conclusion and recommendations
The aim of this study was to assess the potential of two polarizations of ALOS PALSAR data for biomass and carbon estimation in the Bwindi Impenetrable National Park. Field work was carried out to determine tree heights and DBH which were very important variables for biomass and carbon assessment.
Linear regression equations were established to relate biomass with tree parameters. Similarly, multiregression equation was formulated for the determination of biomass from the HH and HV polarizations.
Overall, the cross polarization (HV) showed high potential for biomass and carbon assessment. Layover and shadowing however made estimation of biomass from radar data difficult. These characteristics lead to extraction of wrong pixel values which affect the estimated biomass and carbon values. Furthermore, a time lag of more than 5 years between radar and field data collection may have affected the amount of estimated biomass. It would be desirable to acquire ground truth data and satellite images at approximately the same time. Despite these challenges, the ALOS PALSAR data showed high potential for assessment of biomass and carbon in BINP and similar environments.
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